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a  b  s  t  r  a  c  t
A hybrid model was developed for simulation of continuous wet granulation of pharmaceu-
tical formulations via twin-screw granulator. The model was based on population balance
model (PBM) for prediction of particle size distribution, while artificial neural network (ANN)
was  used for estimation of mean residence time which is required for numerical solution of
PBM. A new numerical scheme based on finite volume approach was developed for solution
of  one dimensional PBM to predict granule size distribution obtained in a twin-screw gran-
ulator. The model takes into account liquid and feed flow rates, and screw speed, while the
granule size distribution is the model’s main output. Aggregation and breakage were consid-
ered  as the main mechanisms in the process, and the model was developed and solved for
different zones of extruder, i.e. conveying and kneading ones. The model’s predictions were
validated through comparing with experimental data collected using a 12 mm twin-screw
extruder for granulation of microcrystalline cellulose. The results indicated that the model
is  facile, robust and valid, which can predict the performance of twin-screw granulator for
pharmaceutical formulations.© 2020 The Authors. Published by Elsevier B.V. on behalf of Institution of Chemical
Engineers. This is an open access article under the CC BY license (http://creativecommons.
org/licenses/by/4.0/).1.  Introduction
query>Currently, improving solubility of poorly water soluble
drugs, and continuous processing are the main challenges fac-
ing pharmaceutical industry. The majority of newly discovered
active pharmaceutical ingredients (APIs) are poorly soluble
in aqueous media which decreases the drug efficacy and
bioavailability in the body (Cerreia Vioglio et al., 2017; Portier
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under the CC BY license (http://creativecommons.org/licenses/by/4.0/).et al., 2020). Different techniques have been developed and
proposed to overcome the poor solubility of APIs such as salt
formation, amorphous solid dispersion, co-crystallization, etc.
(Shaikh et al., 2018). In terms of manufacturing, continuous
processing has attracted much attention due to its superior
characteristics compared to conventional batch processing
in pharmaceutical industry. Continuous manufacturing (CM)
offers easier scale up, low production costs, low materialsul.ie (S. Shirazian).
waste, better flexibility in manufacturing, and better qual-
ity assurance (Ismail et al., 2020; Ismail et al., 2019). Indeed,
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ontinuous manufacturing is of great importance for pharma-
eutical industry in order to keep competitive.
For development of continuous manufacturing, process
nderstanding is a vital step which can be achieved
hrough developing mechanistic and semi-mechanistic mod-
ls. Model-based process development approach can be
dopted in CM in order to design, understand, control,
nd optimize various processing steps in pharmaceutical
anufacturing. Different unit operations are involved in man-
facturing of solid dosage oral formulations such as mixer,
eeder, blender, dryer, granulator, etc. among which granu-
ation plays a crucial role in manufacturing line (Lee et al.,
015; Mascia et al., 2013; Sakai et al., 2015; Suresh et al.,
017). Granulation is mainly utilized to improve the powder
owability and API uniformity for the tableting/encapsulation
rocessing unit in manufacturing line. Indeed, granulation is
 process devoted for enlarging and controlling formulation
article size through physical phenomena such as aggrega-
ion (Rogers et al., 2013; Shirazian et al., 2019; Seem et al.,
015). Basically, two types of granulation can be employed in
harmaceutical industry including wet granulation and dry
ranulation depending on the formulations (Wade et al., 2020).
ry granulation is usually preferred for heat and moisture sen-
itive materials as no liquid/moisture is used in the process,
hile in wet  granulation liquid binder is used to drive the gran-
lation process (Sajjia et al., 2017; Pishnamazi et al., 2019).
ifferent types of granulators can be used in industry such
s fluidized bed (Kaur et al., 2018), high shear, and twin-screw
ranulator (Seem et al., 2015).
Recently, twin-screw wet  granulation has attracted much
ttention in pharmaceutical industry due to higher efficiency,
etter mixing, short residence time, and better controlling pro-
ess (Dhenge et al., 2010). Twin-screw granulation (TSG) can be
tilized in CM as it is inherently a continuous unit operation,
owever underpinning research is required to understand the
rocess and find out the effect of various parameters on crit-
cal quality attributes (CQA) of produced granules. In this
egards, mechanistic models can be used to better under-
tand the TSG. Among various mechanistic models applicable
or process engineering, population balance model (PBM),
nd Discrete Element Method (DEM) have found considerable
ttention in modelling and simulation of wet  granulation pro-
ess (Chaudhury et al., 2014; Barrasso et al., 2014; Tamrakar
t al., 2019). DEM solves Newton’s motion law for individual
articles, therefore it is computationally expensive. On the
ther hand, PBM can be used to simulate a large number of
articles in batch or continuous mode.
Different dimensional PBM (e.g. 1D, 2D, 3D) have been
eveloped for simulation of continuous wet granulation via
win-screw granulator. Barrasso et al. (2015a) developed a
ulti-scale PBM for simulation of TSG based on bi-directional
BM-DEM coupling algorithm. The algorithm was imple-
ented to exchange data between two models, i.e. PBM and
EM. A multi-dimensional PBM was developed by Barrasso
t al. (2015b) to predict particle size and porosity of phar-
aceutical formulations in TSG. Cell average technique (CAT)
as utilized for discretization of the model’s equations, and
educed model was developed for simulation of the process
Shirazian et al., 2018). Shirazian et al. (2019) developed a two
imensional PBM for simulation of TSG based on CAT. The
odel was developed for prediction of granule size as well as
iquid content based on compartmental approach. Ismail et al.
2020) developed a 1D PBM using compartmental approach
n which the twin screw granulator was divided into differ-ent sections, and PBM was solved for each compartment of
TSG. They used CAT and finite volume scheme for discretiza-
tion and numerical solution of PBM. The model was validated
through comparing with experimental data. It was indicated
that finite volume scheme can be efficiently used for solution
of PBM, and better particles mass conservation was obtained
using finite volume scheme. Other numerical schemes for
solving these problems can be found in (Singh et al., 2019a;
Singh et al., 2019b; Singh et al., 2016; Singh and Kaur, 2019).
The major disadvantages of these numerical methods is their
complex mathematical formulations. Indeed, easier and faster
models are demanding for simulation of TSG in pharmaceuti-
cal applications.
There is definite need for development of a comprehen-
sive and high-performance model for simulation of TSG which
can be further utilized for development of design space. In this
regards, a hybrid model has been developed in this work based
on artificial intelligence (AI) and population balance model
(PBM). Artificial Neural Network (ANN) has been used as AI
technique for estimation of residence time which is further
used as input for the PBM. PBM is then used for estimation of
granule size distribution in which a new efficient and accurate
finite volume scheme (FVS) is developed for discretization of
equations. The hybrid model is calibrated and validated using
measured data collected on a 12 mm twin-screw granulator.
2.  Model  development
2.1.  PBM
Population balance model (PBM) is used to track the changes
of particles’ properties during granulation process in which
aggregation and breakage are considered as the main particu-
late mechanisms, as these are the governing mechanisms in
wet granulation using TSG (Ismail et al., 2020; Suresh et al.,
2017; Ramachandran and Barton, 2010). One-dimensional
population balance equation considering aggregation and
















− S(u)n(t, u) (1)
where, n(u,t) is the number density of particles of size u at dif-
ferent times.  ̌ is aggregation kernel and, S refers to breakage.
Sum kernel is used for the aggregation kernel as:
ˇ(ui, uj) = ˇ0(ui + uj)a (2)
Also, binary breakage model is used in PBM, as:
b(u, ε) = 2/ε (3)
A simple power law model is used for the breakage selec-
tion function as follows:
S(u) = S0uk (4)where S0 and k refer to the breakage coefficients which need
to be specified using optimization. It should be pointed out
322  Chemical Engineering Research and Design 1 6 3 ( 2 0 2 0 ) 320–326there are 4 fitting parameters which are unknown and need
to be determined via optimization. Based on compartmental
approach adopted for this work, the fitting parameters are esti-
mated for each zone of granulator, i.e. kneading and conveying
zones. Therefore, 8 unknown parameters should be estimated
as a part of model’s calibration.
2.2.  Mass  conserving  finite  volume  scheme  (FVS)
A new finite volume scheme (FVS) was used for the discretiza-
tion of population balance equation (PBE) described in Eq. (1).
The method is based on conserving the total mass in the sys-
tem by adding two simple weights to the discrete formulation.
For deriving the mathematical formulation of the FVS, it is
assumed that the particle properties are concentrated on the
mean of the cells. In the recent work (Ismail et al., 2020), four
weights were added to the formulation in order to achieve the
accuracy of the mass conservation law which makes the for-
mulation complex and takes more  computational (CPU) time
to obtain the numerical results (Singh et al., 2015).
To derive the mathematical formulation of the FVS, first
let us define the discrete computational domain formed from
a continuous domain with upper limit umax < ∞ by dividing
into I number of subdomains having ui as mean of the cell, for
i = 1,2,3,. . .,I. The mean of each cell of the domain is the average
of lower and upper boundary of that cell and is given as below:
u1/2 = 0, ui = (ui+1/2 + ui−1/2)/2, for i = 1, 2, 3, . . .,  I. (5)
The step size of the ith cell is ui = ui+1/2 − ui−1/2.
We  aim to approximate the number of particles Ni in ith





The FVS is based on converting the continuous Eq. (1) into
a set of I ordinary differential equations (ODEs) by integrating
























b(u, ε)S(ε)n(t, ε)dε −
∫ ui+1/2
ui−1/2
du S(u)n(t, u) (7)
Since it has been assumed that the particle properties are
concentrated on the mean of the cells, then the number den-




Niı(u − ui) (8)




= Bi − Di (9)Here the birth (Bi) and death (Di) terms corresponding to




















b(u, uk)du − SiNidk . (10)
The calculations of the birth (Bi) and death (Di) terms are
explicitly found in Saha et al. (2016) and Singh et al. (2019a,b).
The first summation on the right-hand side of above equa-
tion is taken over indices (j,k) in such fashion that the sum











are the weights responsible for the

















uk, i = k
uk+1/2 otherwise.
The detail description of the FVS can be found in Saha et al.
(2016) and Singh et al. (2019b).
2.3.  Artificial  neural  network  (ANN)
For the solution of PBM, solution time is required which is
equivalent to the mean residence time of particles inside
TSG. An artificial neural network (ANN) was developed to pre-
dict the mean residence time (MRT)  of particles. The MRT is
then inputted PBM for simulation of particle size distribution.
MRT is correlated to process parameters and screw configura-
tion. Therefore, the hybrid ANN-PBM model is comprehensive
and can take into account process parameters and materials
properties as input. ANN structure consists of input, hidden,
and output layers for estimation of MRT. The hidden layers
consist of different nodes for estimation of the output. For
development of ANN, 4 parameters were considered as inputs
including: liquid-to-solid ratio (L/S), screw speed, powder flow
rate, and screw configuration. Linear functions were used as
the transfer function in the hidden layer. The optimum ANN
topology was obtained by trial and error, and the ANN struc-
ture is shown in Fig. 1. As seen, the ANN takes 4 parameters
as the inputs, and estimates the mean residence time as the
output. JMP Pro 14 software was used for performing the ANN
analysis. Detailed description of ANN has been reported in our
previous publication (Ismail et al., 2019).
2.4.  Simulation  methodology
A simulation methodology was developed for prediction of
granule size distribution (GSD) using the hybrid model, i.e.
ANN-FVS. The flowchart of methodology is shown in Fig. 2.
The simulation procedure consists of four stages, in the first
stage, the experiments are carried out according to Design of
Experiments (DoE), and the results are used for training the
ANN which is used for estimation of MRT. In the second stage,
the PBM is solved for the first compartment of the TSG, and
FVS is implemented to solve the PBM using the initial particle
Chemical Engineering Research and Design 1 6 3 ( 2 0 2 0 ) 320–326 323
Fig. 1 – ANN topology developed for prediction of MRT
(Ismail et al., 2019).
Reprinted from (Ismail et al., 2019) with permission from
Elsevier.












ethodology used in this work.
ize distribution and MRT. The output from each compartment
s then used as the input for the next compartment. By solu-
ion of the PBM for all compartments, the GSD is obtained at
he outlet of TSG. In the third step, the obtained GSD are used
or model calibration and finding the unknown parameters. In
he fourth step, the calibrated results are used for model vali-
ation. If the results are not satisfactory, the step 3 is repeated
ntil the model has been validated, and accepted error has
een obtained.The unknown model’s parameters were estimated using
n appropriate optimization algorithm. In total, there are 8unknown parameters which need to be determined by opti-
mization. There are two parameters for the aggregation and
two parameters for the breakage term in PBE. Moreover,
the parameters were determined for each screw zone, i.e.
kneading and conveying zones. Indeed, the fitting parame-
ters include: ˇ0 (CE), a (CE), S0 (CE), k (CE), ˇ0 (KE), a (KE), S0
(KE) and k (KE), where CE refers to Conveying Elements, and
KE refers to the Kneading Elements. The optimization was per-
formed using Genetic Algorithm in MATLAB 2019b, Mathworks,
software. The objective function (OF) for the optimization was




(di − dgi)2 (13)
where d refers to the calculated particle diameter, and dg refers
to the measured particle diameter. n refers to the number of
measurements.
3.  Experiments
The granulation experiments were carried out using micro-
crystalline cellulose (MCC-101, Avicel PH 101, Pharmatrans,
Switzerland) as excipient powder and distilled water as
liquid binder. A 12 mm twin-screw granulator (ThreeTec,
Switzerland) was used for the experiments. Two kneading
blocks along with three conveying blocks were configured for
the screws (see Fig. 3). The liquid binder was added using a
precise syringe pump, and the powder was fed to the extruder
via a gravimetric feeder, ThreeTec. For the all experiments, the
powder flow rate was set at 100 g/h, and two screw speeds were
considered at 100 and 200 rpm. The liquid-to-solid ratio (S/L)
was set at three values of 0.9, 1.1, and 1.3. Indeed, three experi-
ments were carried out at different L/S and screw speeds. After
each run, the granules were collected at the outlet of extruder,
and dried overnight. The granule size distribution (GSD)  was
determined by using laser diffraction (Microtrac S3500).
4.  Results  and  discussion
4.1.  Experimental  results
The obtained particle size distribution (PSD) for the fine (feed)
as well as granule size distribution for the three experimental
runs are represented in Fig. 4.
It is clearly seen in Fig. 4 that the size of granules are
increasing with enhancing the liquid-to-solid ratio. Run 1, 2,
and 3 refer to L/S of 0.9, 1.1, and 1.3, respectively. Indeed,
increasing the L/S shifts the PSD curve to the larger size which
is attributed to increasing the aggregation rate with enhance-
ment of liquid content. In fact, liquid content plays crucial role
in granulation, and it should be precisely controlled in order
to obtain engineered granules via TSG.
4.2.  Model  calibration
The model calibrations were carried out for the two exper-
iments, i.e. Run 1 and Run 3 to find the unknown model’s
parameters. The results of calibrations are shown in Fig. 5
where the comparisons have been made between model’s
findings and experimental results. Great agreement has been
obtained for both runs confirming the successful optimiza-
tion process. During the optimization, the global minimum
324  Chemical Engineering Research and Design 1 6 3 ( 2 0 2 0 ) 320–326
Fig. 3 – Screw configuration used in the wet granulation experiments.
Fig. 4 – Particle size distribution for the fine powder (feed),
Fig. 5 – Model calibration.
Fig. 6 – Model validation, Run 2.
Table 1 – Statistical analysis of modelling.
Run R2 SSEa Total mass
1 0.93 0.0030 1.0000
2 0.97 0.0037 0.9998
3 0.97 0.0044 0.9932and the obtained granules.
point for the objective function was obtained which can be
confirmed in Fig. 5. It is also seen that larger particles are
formed for the Run 3 which has higher L/S. The model can
accurately predict the shifting GSD to the larger size from Run
1 towards Run 3. Moreover, a bimodality is observed in Run
1 which could be attributed to the initial particle size distri-
bution as well as low liquid availability for the case of Run
1. The model is capable to capture the bimodality behaviour
in the granule size distribution which has been reported to
be challenging using 1D PBM (Rogers et al., 2013; Chaudhury
et al., 2014; Barrasso et al., 2014). It is also confirmed that the
new finite volume scheme developed in this work is robust in
discretization and solution of 1D PBM.
4.3.  Model  validation
Once the model has been calibrated, and the fitting parame-
ters have been obtained, it can be further used to validate the
model by comparing the model’s predictions with the mea-
sured data. Run 2 was selected for the model validation, and
the results are shown in Fig. 6. It is clearly seen that the model
can predict the GSD with high accuracy. To further assess
the model’s ability in prediction of TSG, the statistical data
are reported in Table 1. It is indicated that the model and
numerical scheme developed in this work is robust, reliable,
and accurate enough and can predict the behaviour of gran-
ules in TSG. One of the advantages of the current developed
a SSE, sum of squared errors.
















































umerical scheme in this work is conservation of mass which
s indicated in Table 1. It is seen that the mass is conserved
uring the numerical simulations, which is not usually con-
erved using other numerical methods such as cell average
echnique. This also indicated the numerical stability of the
eveloped solution for PBE.
.  Conclusions
 comprehensive high-performance mechanistic model was
eveloped in this study in order to predict wet granulation
f pharmaceutical formulations. A hybrid model based on
rtificial neural network and population balance model was
eveloped in which finite volume was employed for the dis-
retization and numerical solution of PBM. The model was
alibrated and validated by using experimental data obtained
n a 12 mm twin-screw extruder for granulation of MCC
sing distilled water. ANN model was used to estimate the
ean residence time of particles in TSG, and correlate it
o process parameters. The experimental results indicated
hat the liquid-to-solid ratio (L/S) is the most momentous
rocess parameter in wet granulation so that the higher
/S can facilitate the granule formation by enhancing aggre-
ation rate. The model calibration and validation revealed
hat the model is capable of predicting GSD with high
ccuracy, and the mass is conserved throughout the simula-
ions.
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